For large and diverse data sets, simple QSAR methods based on linear and additive models can no longer be applied. In such cases topological methods using descriptors directly derivable from two-dimensional chemical structures provide a useful alternative. The results of such analyses can be used for lead optimization, to guide biological testing and even aid in the design of novel compounds. Various types of topological descriptors and algorithms are briefly discussed. Which of those is to be selected depends on the objective of the investigation and the properties of the data set. Two new methods, LOGANA and LOCON, are discussed in some more detail. With the help of these methods, substructural patterns ("topological pharmacophores") characteristic of compounds possessing a certain biological property can be evaluated. Both methods are designed in such a way that full use can be made of the data handling capacity of computers while maintaining an optimal impact of the experience of the researcher. They are modelfree and do not require any mathematical knowledge. While LOGANA deals with semiquantitative or even qualitative biological data, LOCON can be applied to activity data on a continuous scale. The basic procedure in both cases consists in the stepwise combination of substructural descriptors by the logical operations "and," "or" and "not." With a simple example the utility of the methods is demonstrated.
Introduction
Quantitative structure-activity relationships (QSARs) have become an indispensable tool to rationalize the interaction of chemical compounds with living matter. The basic philosophy of QSAR methods is to draw conclusions by analogy assuming that similarity of drugs with respect to certain chemical properties will result in similar biological responses. The problem, then, is to determine what these properties are and how they are connected with the biological activity of interest. To this end a set of compounds with known biological activities (which will be called a "training series" throughout this paper) is analyzed. The principal steps are always roughly the same. First, a set of chemical descriptors is selected so that all chemical properties of the compounds that may be important for their biological action are believed to be adequately characterized. The values of all these descriptors are then collected or evaluated for all compounds of the training series and fed into a computer together with the corresponding biological activity data. The computer compares and connects the descriptors and activities by means of a suitable algorithm until a QSAR is found. In the broadest sense, a *Academy of Sciences of the GDR, Research Center of Molecular Biology and Medicine, Institute of Drug Research, Berlin, German Democratic Republic.
QSAR may be regarded as a computer-derived rule which quantitatively describes biological activity in terms of chemical descriptors. Once a QSAR is known, the following may become possible: conclusions and hypotheses as to molecular mechanisms of action; optimizations of a given lead compound that includes maximizing desired and minimizing undesired (e.g., toxic) biological effects; prediction of what kind of biological activity a new or as yet untested compound is likely to possess (which may aid in the preselection of compounds for screening programs in order to increase the incidence of actives, but also in recognizing potentially toxic chemicals); generation of new lead compounds.
Different approaches (and data sets) are required depending on which of the above objectives is in the foreground. A variety of QSAR methods has, in fact, been developed during the last years not only for this reason but also since the data to be handled may be very different. The training series, for example, can largely vary in size and with respect to the complexity or diversity of chemical structure variation. Biological activity data, on the other hand, may come from very different sources or tests and be expressed on many different scales. Thus, a whole tool box of methods for both the evaluation of descriptors as well as the application of computer algorithms is necessary to be able to cope with the many possible situations (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) .
In, this paper we wish to deal with the use of topological (substructural) descriptors in QSAR work. After a short review of currently used substructural approaches two new techniques for the evaluation of topological activity patterns, LOGANA and LOGON, will be discussed in more detail and illustrated with a simple example.
Why Topological Descriptors?
The most popular and widely used QSAR method these days certainly is the Hansch approach. Its principle consists in correlating the logarithm of biological activity (log A) with hydrophobic, electronic, and steric molecular parameters by means of linear multiple regression analysis. The result is equations in which log A as dependent variable is expressed by a weighted linear combination of those molecular parameters that turn out to make a statistically significant contribution to "explaining" the variance of log A in the training series. This approach requires precise enough biological activity data on a continuous scale, the applicability of linear free energy relationships that are based on a simple linear and additive model, and the availability of the respective molecular parameters for all structural variants in the training series. Usually, the latter conditions are only fulfilled in so-called congeneric series where at a constant parent structure only substituents are varied. But even there the model assumptions of Hansch analysis may break down if the substituent exchanges alter the structure too drastically (16) , and for too exotic substituents appropriate parameters may not be available. One cannot but admire the ingenuity with which especially the Hansch group has pushed this type of analysis almost beyond its limits handling training series with several hundreds of compounds and partly very diverse structures in one analysis. In order to be able to do that, however, so-called "indicator or dummy" variables frequently become necessary in order to characterize structural variations that cannot adequately be accounted for by physicochemical parameters. These indicator variables are binary quantities usually describing the presence or absence of certain structural features according to 1, xii= 09 if the ith feature is present in the jth compound if not In that sense, they already represent the simplest case of topological descriptors since they are directly derived from the topology (two-dimensional chemical formula) of the compounds under consideration.
QSAR equations containing both, terms with physicochemical and with indicator variables, represent a mixed form of the Hansch approach and the Free-Wilson analysis (1, 4, 7, 11, 15 
Topological (Substructural) Descriptors
For a better understanding of the following, a definition of how the terms feature and descriptor will be used throughout this paper seems appropriate. We will call topological features any two-dimensional fragment of chemical compounds used to characterize their structure in a topological analysis. Topological descriptors then describe the occurrence of such features in each compound. In the case of Free-Wilson analysis, for example, a feature is a particular substituent in a defined position of substitution, and the corresponding descriptor is defined according to Eq. (1) . There are many types of topological descriptors which all have in common that they can directly be derived either from two-dimensional chemical structures or from connection tables; excellent reviews are presented, for example, by Stuper et al. (8) and by Bawden (18) . The simplest possible descriptors are counts of atoms or bonds of specified types which, however, contain very little information about the topology of molecules so that completely different molecules may have identical descriptor values. For this reason such descriptors will not be discussed here although they have occasionally been applied in QSAR analysis (18 (19) , can serve as a source of fragment codes of this type, it seems advisable to select a more problem oriented library on the basis of"common sense" and the experience of the researcher (20) . According to Kirschner and Kowalski (21) such a library should include features that "are thought to provide at least some information related to the biological activity, are known for the greatest majority of the compounds and if found to be related to activity, will provide the chemist with some degree of insight into the mechanism of action." To this end a basic library of potentially active centers such as atoms or groups of atoms (functional groups) likely to be involved in drug-receptor interaction via van der Waals or other forces may be set up and used to create the concrete features for each particular problem via a set of rules (a language) in an open-ended way. Cases in point are the SSFN and the DCAM systems that are based on the predefined "descriptor centers" and distances between them (22) (23) (24) (25, 26) by Henry and Block (27, 28) , and in our laboratory (15, (29) (30) (31) (32) ; philosophically, they are similar with the "hyperstructure" of the DARC/PELCO system (33) (8) .
In certain types of analysis topological descriptors are used together with some physicochemical parameters as, for example, molar refractivity or log P. This can be advantageous in treating complex problems but has the danger that the interpretation of the results may become extremely difficult due to complicated relationships between the two descriptor sets. As will be shown later, physicochemical quantities can also be transformed into binary variables.
Using topological descriptors one is, of course, asking less of the data than with, for example, extrathermodynamic parameters, but such descriptors are the only possibility for large data sets of high structural diversity, and the results can still effectively be used for guiding synthesis and biological testing. The crucial step always is the selection of features. If the features are in error no meaningful results can be expected. In many cases this implies that compromises have to be made and that different types of features must be used in the same analysis. There are a number of problems that may arise when defining the features such as redundancy or ambiguity. These problems, however, are so special and complicated that they cannot be discussed here.
Principles of Topological Analysis
There are many possible ways to look for relations between topological descriptors and biological properties (classical QSAR methods where topology-derived descriptors such as indicator variables or molecular connectivity are used will not be considered here). There are usually two objectives: to recognize substructures "typical" of a particular biological effect and to predict for new compounds whether they will be (highly) active with respect to this effect. Which of the two is in the foreground depends on the data set, the descriptors and the procedure used. It may be said, however, that most of the procedures so far described in the literature perform better with respect to the latter; exceptions are the methods LOGANA and LOCON to be discussed in this paper which were especially designed for evaluating "topological pharmacophores."
From a methodological point of view three types of approaches may be differentiated:* heuristic "activity index" techniques; classification (pattern recognition) methods; and topological pattern finders. This differentiation is not very sharp (especially not between the *There are some applications where substructural features as described in the preceding section are used as variables in multiple regression analysis (17, 36, 37) . This again implies at least in part that a linear additive model is supposed to hold which will be an exception rather than a rule. For this reason approaches of this type will not be discussed here. first two categories) but helpful to systematize the various procedures.
Heuristic index techniques start from a classification of the compounds of the training series with respect to the biological activity of interest (usually, two classes, active versus inactive compounds, are used). The distribution of the selected features over the classes is then analyzed, and based on frequencies and/or probabilities of occurrence each feature is assigned an "activity index" which expresses how important it is for the active class. New compounds are then classified by summing the indices of their features. A typical approach of this kind is the substructural analysis introduced by Cramer et al. (38) , which represents the first large scale computerized method for topological analysis. The compounds of a training series were divided into two classes (active and inactive) and fragmented into substructures using a library of atom, bond and substructure features. For each feature the so-called substructure activity frequency (SAF) is then calculated according to: SAFi = number of active compounds containing the feature i total number of compounds containing the feature i (4) The SAFi value embodies the probability contribution of the i-th feature to the overall probability that the compound containing that feature will be biologically active. To characterize the activity of compounds the mean substructure activity frequency (MSAF) is used. Ii,a = l/Pi,a (6) Ii,in = 1/Pi,in
For any given compound X with fragments i = 1,... n, an activity and an inactivity score can now be computed by simply multiplying the respective Ii,a or Ii,in values. On numerical grounds, it is desirable to perform a logarithmic transformation and to define these scores as n IX,a=> log Ii,a (8) i=l1 n x,in log Ii,in (9) The scores provide a measure of the probabilities that compound X will belong to the respective classes. Another program of the index type which, however, is already very close to classification techniques is the STRAC procedure designed for lead optimization (22) . Again, the compounds of the starting set are divided into the classes "active" and "inactive" and described by topological features. These (11) where Va and Vi,, are the occurrence numbers of activity and inactivity features, respectively, in this compound and -9 is a certain threshold value.
Methods of the second category, classification techniques, also start from a classification of the compounds of the training series but use different strategies as the index approaches. There is a variety of methods available which will not be discussed here in detail (8, 11, 15, 21 (15, (29) (30) (31) (32) 45) . Two of them, the methods LOGANA and LOCON (45) , will be discussed in the next sections in some detail together with a simple example of application.
The LOGANA and LOCON Methods
In contrast to the index and classification methods, where activity indices or weights are assigned to single features, the basic structure of LOGANA and LOCON is the stepwise and interactive construction of combinations of such features using the logical operations "and," "or," and "not." These combinations are evaluated in such a way that they are typical of compounds possessing the biological property of interest to the highest extent (e.g., compounds with high or very high activity, compounds devoid of toxicity, etc.). They represent more or less complex structural patterns that may be regarded as "topological pharmacophores" and that can then aid in the design of new compounds. The philosophy of both methods is to make use of the data handling capacity of computers while maintaining an optimal impact of the researcher's professional skill and experience with no requirement for any special mathematical knowledge. The computer is used only to digest large data sets and condense the information inherent in them so that it becomes manageable. While this part is fully formalized, the real decision-making and all the conclusions to be drawn for further synthesis or testing are completely left to the researcher. This implies that neither assumptions regarding probabilities or data distribution nor mathematical models are necessary.
The program LOGANA starts from a classification of the compounds of the training series according to a biological activity score which allows the analysis of more or less crude data as from biological mass screening or sampled from different sources. LOCON, on the other hand, was designed to deal with continuous biological activity data in order not to lose information in those cases where the data are precise enough to allow for comparisons on such a scale. Both methods are binary descriptors as defined by Eq. (1) , and they will be most efficient for template model derived features. Molecular properties like, for instance, hydrophobicity can also be included to a certain extent. This is done by selecting region(s) (or threshholds) of the corresponding molecular parameter (e.g., the log P or rr) and defining xi1 = 1 if the jth compound falls into the ith region and xi1 = 0, if not.
The set of descriptors obtained according to Eq. (1) or the above definition can be extended by the logical operations "not" (negation, symbolized by a "-"sign) and "or" (disjunction, symbolized by a "V" sign). In a negation, the definition presented in Eq. (1) Obviously, a conjunction represents a more complex chemical entity than the single variables and will, as a consequence, usually be present in a smaller set of compounds. A set of compounds having the structural features expressed by a conjunction in common will be called an "object group." Those conjunctions can be regarded best which yield object groups containing high numbers of class 1 compounds and the smallest possible number of class 2 compounds. As a measure of this (13) property a simple quality criterion T can be formulated as T= N1 + (n, -n2) N,l + N2
with T normalized to T 1 (15) where N1 = number of compounds in class 1, N2 = number of compounds in class 2, n1 = number of class 1 compounds in the object group, and n2 = number of class 2 compounds in the object group. The evaluation of the conjunction is preferred in a stepwise procedure where one more variable is added in each step using T as a selection criterion. In the first step all variables (including negations) are arranged in the order of descending T values and the best m variables (m adjustable) are selected as a starting set for the next step. Conjunctions of each of the variables of this starting set with all other variables one at a time are then formed according to Eq. (14) and the best m of these conjunctions are then printed out and transferred to the next step as a new starting set. Each conjunction of this set is then again combined with all variables (one at a time) by the logical operation "and," and the best m of the resulting conjunctions now comprising three variables are again printed out and transferred to the next step. The procedure is continued until a preset number of steps has been performed. This stepup procedure can be combined with feature elimination steps at each level. Applied to the m best conjunction comprising k variables after the kth forward step, backward elimination will once eliminate each variable from each conjunction and yield m "best" new conjunctions now comprising k -1 variables. The main purpose of this option is to check for consistency.
Disjunctions [see Eq. (13)] will not be automatically formed in order to limit the resulting conjunctions to a manageable number. They can be introduced by a special option at any stage of the procedure. Along with each conjunction the following information appears in the printout: T, n1, n2; the compounds of the object group identified by the respective row numbers of the input data matrix; and accompanying variables. Accompanying variables are those that can be added to a conjunction without eliminating compounds from the object group. They must, of course, be considered when evaluating the results since they characterize structural features also present in all compounds of the object group.
The best conjunctions obtained after the analysis is completed can directly be retranslated into topological structures. In doing that and when interpreting the results the whole picture including the development of the conjunctions, the object groups described by them and the accompanying variables must be viewed. It is important to stress that the quality criterion T is not to be used for decision-making by the researcher but is i-C4H9 n-C3H7 FIGURE 1 . General structure of the carboxamides. 4H  CH3  4H  3H  4H  4H  NH2  NH2  NH2   CH3   4H  4H  4H  3H  CH3  4H  4H  4H  4H  CH3  4H  4H  3H  3H  CH3  2H  CH3  2H  3H  4H  4H  3H  CH3  3H  4H  4H  CH3  CH3  CH3  CH3  3H  H  2H  4H  CH3  4H  3H  4H  2H  3H  3H  3H  CH3  3H  2H  3H  3H  4H  4H  CH3  4H  3H  2H CH3, H 3H Figure 1 . This example was selected because the training series shows sufficient structural diversity and the data allow the application of both, LOGANA and LOCON (the former after division of the compounds into classes; see below). All compounds and their activities are summarized in Table 1 . The features used in this case are selected so that not only the type of substructures but also the region in the molecules where they are situated can be coded for. Table 2 represents the features used in LO-GANA and Table 3 some additional features applied in LOCON only. These additional features were defined after the results of LOGANA were known with the intention to increase the sharpness of the LOCON analysis. We have always found it useful to apply LO-GANA even to continuous data (after introducing a classification) prior to a LOCON analysis since LO-GANA works faster and its results may be used to improve or complete the feature space for the more powerful LOCON procedure. Finally, Table 4 The development of the best conjunction obtained for problem A [conjunction (I)] is presented in Table 5 *. This conjunction is present in almost all class 1(A) compounds and does not occur in any of the inactive analogs [class 2(A) compounds]. It can directly be translated into the structure shown in Figure 2 . This structure may be regarded to present basic structural requirements for activity which include an intact amide group (variable Z1), a substituent different from H, F or phenyl in the ortho position of X (variables RX7, RX8, RX9), a C = C group adjacent to the carbon atom of the amide moiety which is part of a ring, and a ring adjacent to the amide nitrogen. Another conjunction of interest for a subset of class 1(A) compounds is:
X16A -Y6A (Z1 VZ2) ARX1
with nl(A) = 30, n2(A, = 0 (II)
The compounds of this subset have an oxygen adjacent to the C = C group in Figure 1 (feature X16) and methyl in (RX),,,1I. It cannot be said whether this more specified pattern provides higher activity than that in Figure  2 but it is certainly of interest to know that it is present in about 50% of the class 1(A) compounds while also absent from all inactive analogs. V X13 V X14  X19  X2 A RX11  X20  X4 A RX10  X21  X4ARX11  X22   X6/ARX11  X23  X7/ARX11   X24   X9ARX11  RX12  RX7 V RX9  RX13  RX3 V RX4 V RX5 V RX9  RY17  RY2 V RY3 V RY8 V RY11  RY18  RY14 V RY15  RY19  RY6 V RY7 V RY12 V RY13   RX1  RX2  RX3  RX4  RX5  RX6  RX7  RX8  RX9  RX10   RXl1   Y1  Y2  Y3  Y4  Y5  Y6   RY1  RY2  RY3  RY4  RY5  RY6  RY7  RY8  RY9  RY10  RY11  RY12  RY13  RY14  RY15  RY16 aSymbols as in Figure 1 .
The structure obtained from this conjunction (Fig. 3) is present in about 50% of the very active and in only two out of the 19 weakly active compounds. The additional information as compared to conjunction (I) and (II) is that, for high activity, the ring attached to the nitrogen of the amide group should be phenyl (or, maybe, in a more general sense simply aromatic) and that hydrophobic substituents at this ring are favorable as long as an o, o'-disubstitution is avoided. Several other conjunctions also containing these but in addition some special X-ring features describe the rest of the class 1(B) compounds without, however, providing much useful additional information. For this reason they will not be discussed.
Problem C, finally, yields the following results:
with nl(c) = 10, n2(C) = 0
Accompanying variables: Z1, X5, -X9, X10,
Conjunction IV leads to the structure presented in Figure 4 which shows all the basic features of conjunctions (I) and (II) but also provides some of the additional information obtained from conjunction (III) (see Fig. 3 ). The lesson to be learned from this is that compounds of medium activity may well be eliminated from a LO-GANA analysis. RY20  RY20   RY17  X20  RY20  X20, RY20  X19, RY20  RY17  RY19   RX13  X19, RY17  RY17, RY19  RY17  RY17  RY19, RY20  X19  RY17  RY20  RY17, RY20   X21   X19, RY17, RY20  RY17, RY20  RY20  RY17, RY19  RY17, RY19  RX13  X19, RY19  RY20   X19  X24, RY17, RY20  RY17   RY17, RY20   RY17   X21, RY17  RY17, RY18  RY17  RY17, RY18  RY20   RX13  RY20  X24, RY17  RY17   RY17   RY19, RY20   X23   RY17 X22, RX12, RY17 X18 RX12, RY20 Table 6 . Translating back this conjunction to structural terms leads to Figure 5 . As was to be expected this structure contains all features already known to be important for very high activity (see Fig. 3 ) but yields the additional information that the phenyl ring adjacdent to the nitrogen is not parasubstituted and that the structure -N = C -(NH2) -S -(variable X20) also is typical of high activity compounds. As in conjunction (IV), several X-ring structures are indicated as not being representative for high activity. Conjunction (VII) cannot be interpreted to mean that para-substituents, for example, are always unfavorable for high activity (see compound 12) or that phenyl is an "unfavorable" moiety to be placed in X (see compounds 4 and 14) . What it in face means is that, within the training series, a set of compounds exists that have the features presented by this conjunction in common and that are all highly active so that it can be regarded a ing in the discriminant function separating the active compounds into three classes are: f (X), the hydrophobicity of X; r,,,2(X), where uc,,(X) is the electronic substituent constant characterizing the upper meta position (with respect to the amide moiety) in ring X; MR(RX)O, molar refractivity of RX substituents in the ortho position; and i.,,(RY), the hydrophobicity of RY substituents in the meta position. The directionality of these variables is such that increasing values increase the probability that a compound will belong to the most active class.
The first variable indicates that the hydrophobicity of X plays some role, while the second shows that the type of atom in the meta position of X is important. (48) .
When simple classification or preselection of already existing compounds and not so much interpretation and design are in the foreground the "index" or classification methods outlined above are to be applied. Such methods have also been applied in the field of chemical hazards such as toxic effects (49, 50) carcinogenicity (20, (49) (50) (51) (52) , and mutagenicity (43, 44, 49 ) not without success, although the results thus far obtained more or less suffer from the deficiencies discussed earlier (e.g., extremely complex classifier). Considering the number of chemicals already in circulation and those to be expected from further syntheses, such analyses are to be regarded as indispensable tools to set priorities for biological testing. It is important to be well aware of their limitations which, in particular, means that predicted data should never be taken for granted and must not be allowed to replace experimental measurements (53 
